Abstract. Methods of remotely measuring burn severity are needed to evaluate the ecological and environmental impacts of large, remote wildland fires. The challenges that were associated with the Landsat program highlight the need to evaluate alternative sensors for characterising post-fire effects. We compared statistical correlations between 55 Composite Burn Index field plots and spectral indices from four satellite sensors varying in spatial and spectral resolution on the 2003 Dry Lakes Fire in the Gila Wilderness, NM. Where spectrally feasible, burn severity was evaluated using the differenced Enhanced Vegetation Index (dEVI), differenced Normalised Difference Vegetation Index (dNDVI) and the differenced Normalised Burn Ratio (dNBR). Both the dEVI derived from Quickbird and the dNBR derived from the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) showed similar or slightly improved correlations over the dNBR derived from Landsat Thematic Mapper data (R 2 ¼ 0.82, 0.84, and 0.78 respectively). The relatively coarse resolution MODIS-derived NDVI image was weakly correlated with ground data (R 2 ¼ 0.38). Our results suggest that moderately high-resolution satellite sensors like Quickbird and ASTER have potential for providing accurate information about burn severity. Future research should develop stronger links between higher-resolution satellite data and burn severity across a range of environments.
Introduction
Recent large fires in the western United States have highlighted the need to better understand the consequences and extent of severe fire events. These fires are often large and occur in remote areas, highlighting the need to use air-and space-borne sensors to measure both active fire behaviour and post-fire effects (Lentile et al. 2006) . As fire patterns are often inherently spatially heterogeneous (Morgan et al. 2001) , remote assessments of this heterogeneity can aid in the understanding of post-fire ecological trends and restoration priorities.
A variety of remote sensing techniques have been developed to assess post-fire ecological change across a range of environments (Lentile et al. 2006 (Lentile et al. , 2009 Smith et al. 2007; French et al. 2008) . Spectral indices such as the Normalised Burn Ratio (NBR) and the Normalised Difference Vegetation Index (NDVI) have been widely applied to Landsat Thematic Mapper (TM) imagery and ground-based spectral reflectance data to infer burn severity (Benson and Key 1999; Van Wagtendonk et al. 2004; Key and Benson 2006; Holden et al. 2007) . The uses of these and other spectral indices for remotely assessing post-fire effects are reviewed in detail in Lentile et al. (2006) . Forest structural characteristics that influence post-fire effects vary at scales finer than 30 m and satellite sensors with higher spatial resolution (i.e. o30 Â 30-m pixel sizes) have potential for increasing the accuracy and precision of such remotely sensed estimates. Van Wagtendonk et al. (2004) evaluated NBR derived from both Landsat and AVIRIS imagery, but did not investigate spatial scaling issues. Several commercially available satellite sensors have yet to be evaluated for their ability to infer post-fire ecological effects. Such an assessment would inform the future selection of satellite sensors for assessing the broad-scale impacts of fires on the environment.
The ASTER (Advanced Spaceborne Thermal Emission and Reflection Radiometer) sensor is also housed aboard NASA's Terra satellite (see sensor specifications in Table 1 ). The ASTER sensor has been used to investigate a wide variety of scientific issues including measurement of canopy fuel biomass , moisture content (Toomey and Vierling 2005) and geological mapping (Rowan and Mars 2003) , in addition to several applications highlighted in a recent special issue of the journal Remote Sensing of Environment (Gillespie et al. 2005) . ASTER exhibits a moderately high spatial resolution (15 m) in the VIS and NIR wavelengths, with 30-m pixels available in the six short-wave infrared (SWIR) bands (Table 1) . Relative to Landsat TM imagery, the ASTER sensor therefore has potential for measurement of post-fire ecological effects at finer spatial scales than Landsat.
The Quickbird sensor is owned and operated by Digital Globe Inc. (Longmont, CO) and features the highest spatial resolution of any civilian satellite-borne sensor, with 0.6-and 2.4-m panchromatic and multispectral pixel sizes respectively (Table 2) . Although Quickbird imagery is relatively expensive (US$22 to 54 km À2 ), the fine-scale resolution of this sensor might allow ecologically meaningful assessment of post-fire effects over large spatial extents while retaining great spatial detail. Researchers have recently investigated the utility of the Quickbird sensor in detecting forest fuel loads (Lasaponara and Lanorte 2007; Mutlu et al. 2008) and to differentiate between understorey and overstorey post-fire effects (A. T. Hudak, pers. comm.). Furthermore, the Quickbird sensor may be manually pointed from the ground and at additional expense can be given priority tasking, therefore enabling some flexibility with respect to its image acquisition frequency during and after wildfire.
Landsat TM and Enhanced TM (ETMþ) imagery is frequently used to evaluate the effects of fire on the environment (Miller and Yool 2002; Smith et al. 2005; Lewis et al. 2006 ) (see Table 3 for Landsat TM sensor specifications). However, given the recent malfunction in the Landsat 7 sensor and uncertain longevity of Landsat 5 sensor, alternative data sources will likely be sought in the future. Data from a variety of satellite sensors are now readily available at little or no cost. The MODIS (Moderate Resolution Imaging Spectroradiometer) sensor (Justice et al. 1998) , mounted on both the Aqua and Terra satellites, has 20 available bands in the visible (VIS) to SWIR and may acquire up to four images of a given site per day. With relatively large pixel sizes (250 m) in the VIS and near infrared (NIR) and even larger pixels in the SWIR (i.e. 500-1000 m) compared with the 30-m resolution of Landsat TM, MODIS cannot be expected to capture the moderate-or fine-scale variations of post-fire ecological effects given the heterogeneity of most fires. However, given their low cost, relatively simple processing, high temporal resolution, and wide use in numerous broad-scale fire effects studies (Roy et al. 2005; Smith et al. 2005) , MODIS data merit evaluation for their potential applicability to understanding fire effects across the landscape.
The objective of this case study is to compare statistical correlations among the four aforementioned satellite sensors (Quickbird, ASTER, Landsat and MODIS) with field plot burn severity data collected on the Dry Lakes fire that burned mixed conifer forests and woodlands in New Mexico in 2003. We hope to provide information that will assist scientists and managers tasked with mapping burn severity to select and analyse satellite sensor data.
Methods

Study area and landcover data Gila Wilderness
The study area was located in the northern portion of the 230 800-ha Gila Wilderness, New Mexico ( Fig. 1) and is described in detail by Holden et al. (2005) . The mean elevation is 2500 m and this region is very dry, receiving on average 34 cm of rain annually (Sheppard et al. 2002) . The Gila Wilderness was grazed extensively until the 1950s but has never been logged. (19 May 2004) delineated the spatial extent of our work, and allowed us to study a 2600-ha area of the fire in mid-elevation (2500 m) ponderosa pine forests in the north-central portion of the Gila Wilderness. Image processing and analysis
Multitemporal satellite imagery from Quickbird (multispectral product), ASTER, Landsat TM and MODIS were acquired for a 26-km 2 portion of the DLF (Fig. 1 ). Because our analyses were restricted to the extent of the Quickbird imagery, all other imagery was subset to match these data in order to enable comparative analysis.
Quickbird scenes (standard processing levels) were converted from at-sensor radiance to reflectance using equations provided by the Landsat imagery users' guide (LPSO 1998) and adapted for IKONOS imagery following Fleming (2003) . Because Quickbird band spectral response functions are nearly identical to the IKONOS imagery (Rangaswamy 2003 The MODIS data were then converted into top-of-atmosphere reflectance using the gain and offset parameters within the MODIS header file.
Given that the images from each sensor (Quickbird, Landsat, ASTER and MODIS) were retrospective and our study area is in a remote, dry, high-elevation environment, we did not perform any atmospheric correction.
Several spectral indices were calculated for each satellite sensor and then differenced between pre-and post-fire scenes to detect fire-caused changes in vegetation (Table 4 ). The NDVI (Rouse et al. 1974) and Enhanced Vegetation Index (EVI) (Miura et al. 2001; Huete et al. 2002; Chen et al. 2004) were calculated for Quickbird and Landsat imagery to facilitate direct comparisons among sensors. The EVI could not be calculated with the ASTER sensor because it does not detect blue-wavelength radiation. We chose not to calculate the EVI or NBR using MODIS data because the required rescaling to 500-m resolution would provide too coarse a scale to be reasonably useful for burn severity mapping.
The NBR and differenced Normalised Burn Ratio (dNBR) (Key and Benson 2006) were calculated for the Landsat and ASTER imagery. Separate NBR images were created for the ASTER images using each of the six SWIR bands (Table 1 ). Differenced NBR images were then created for both the Landsat and ASTER data products by subtracting the post-fire NBR image from the NBR for the prefire image and multiplying by 1000. The CBI is a relatively rapid method of measuring post-fire effects, and includes soil, understorey and overstorey strata. Several characteristics are measured or estimated within each stratum and then combined to give an overall CBI score from 0 to 3 (unburned to severely burned). Despite the qualitative nature of several CBI measures, some measures (e.g. crown scorch, torch) are measurable and repeatable. Others, like fuel consumption, depend on the observer. Having spent the previous summer collecting forest structure and fuel data in the areas described in this study, we felt it appropriate to include these measures.
Data analysis
We compared statistical correlations between 55 CBI plots and spectral indices derived from each satellite sensor using linear regression techniques. Spectral indices from the Quickbird differenced Enhanced Vegetation Index (dEVI) and dNDVI image were extracted from the pixel central to each CBI plot, and the mean of 3 Â 3, 6 Â 6 (approximate size of one ASTER pixel) and 12 Â 12 (approximate size of one Landsat pixel) pixel groups. Standard errors were calculated for 12 Â 12-pixel groups in order to represent the variability among pixels within each plot. Severity estimates for each ASTER dNBR image were calculated for a single (15 Â 15 m) pixel. As has been observed in prior studies (Van Wagtendonk et al. 2004; Hall et al. 2008) , regression plots of CBI and spectral indices were clearly non-linear. As such, we fitted second-order polynomial functions to the data and calculated regression coefficients and coefficients of determination (R 2 ) values.
Results and discussion
Coefficients of determination among vegetation indices and CBI data are presented in Table 5 . The different burn severity maps for each sensor are shown in Fig. 2 . Although the influence of spatial resolution on patterns of severity is visually apparent, it is also clear that the overall shape and structure of the severity magnitudes are relatively consistent across the different imagery and indices. The dEVI derived from means of 12 Â 12-pixel groups from Quickbird imagery explained a high degree of CBI plot data variance (R 2 ¼ 0.82, Fig. 3 ) and outperformed the dNDVI (R 2 ¼ 0.76, Fig. 4 ). There was substantial variation among pixels within a 12 Â 12-pixel group, yet the coefficients of determination remained high (R 2 ¼ 0.68) between CBI and Quickbird EVI data even when the area of analysis was decreased by 75%, from 12 Â 12 to 6 Â 6 pixels in size (Figs 3, 4) .
The dNDVI was weakly but significantly correlated between ASTER imagery and CBI plot data (R 2 ¼ 0.55, Table 5 ). This poorer dNDVI performance from the Quickbird compared with ASTER and improvement when applied to the Landsat imagery (R 2 ¼ 0.79) indicates that this index appears to exhibit scale dependence. Potentially, the small Quickbird pixels (2.4 m) are capturing more of the surface variability, such as fine-scale patches of unburned area and degrees of severity, whereas the pixels of the ASTER and Landsat imagery would be too large to capture this fine-scale variation (e.g. Smith et al. 2005) . The correlations using the 15-m ASTER NDVI data may potentially be further confounded because although the fine-scale variability will not be captured, it will however remain possible for individual trees crowns to be characterised by multiple pixels, variability that is potentially aggregated out with the application of the 30-m Landsat data. This scale dependence effect is not observed with the dNBR, presumably because the ASTER version of these data represents a resampling of 30-m resolution SWIR band with the 15-m resolution NIR band.
The ASTER-derived dNBR was well correlated with CBI data (Fig. 5) . There was slight variability (R 2 values ranged from 0.75 to 0.84) in the correlations among dNBR indices derived from the six ASTER SWIR bands, with band 9 showing the strongest correlation with CBI data (Fig. 5) . Both the ASTERderived dNBR and Quickbird-derived dEVI showed slightly improved correlations with ground data over the dNBR derived from Landsat TM data (R 2 ¼ 0.84, 0.82, 0.78 respectively, Table 5 ). These results are encouraging and highlight the potential of sensors, like those tested herein, to provide alternative imagery for fire monitoring.
The improved correlation between Quickbird severity estimates and CBI data with aggregation to larger spatial scales suggests that shadow effects, variability in vegetation structure (open v. closed canopy) and variability in post-fire ecological effects at small spatial scales may influence the effectiveness of this fine-spatial-resolution sensor. Because our study design did not incorporate this spatial variability into our plot sampling, we are unable to meaningfully evaluate the potential causes of variation between pixels. Once the Quickbird data were aggregated to a 6 Â 6-pixel size, the heterogeneity seemed to match well with the heterogeneity captured by the CBI plot data, as evidenced by a 0.68 coefficient of determination. When the remote sensing scale of analysis was at the level of 3 Â 3-or a single pixel of Quickbird data, the correlations were much lower (Fig. 3) .
Correlations between the Quickbird-derived dEVI and plot data were slightly stronger than the dNDVI, but dEVI performed poorly when calculated using Landsat data (R 2 with CBI ¼ 0.03, Table 5 ). This suggests that corrections for canopy background effects in the dEVI may help account in some way for the withinpixel variability of the Quickbird data. In addition, correlations between Quickbird-derived dEVI and ground data were clearly linear. Previous studies have shown that the EVI is sensitive to within-canopy shading (Chen et al. 2004 (Chen et al. , 2005 . Although our data are inconclusive, the relationship between the dEVI and ground-based measures, as well as other spectral indices, warrants further study.
Relationships between Landsat dNBR and CBI fire severity measures in the present (Fig. 6 ) and in previous studies were all non-linear (Van Wagtendonk et al. 2004; Hall et al. 2008) . With the exception of the dEVI derived from Quickbird imagery, we observed the same non-linear relationship between severity estimates from each sensor and CBI data. There are several possible explanations for this apparent relationship. One is that beyond some threshold level of severity (e.g. the majority of tree canopies consumed), the concomitant changes in surface spectral radiance may limit the sensitivity of spectral vegetation indices used to discriminate among levels of fire-caused ecological effects. For example, where fires are 'moderately severe' in ponderosa pine forests, a fire may scorch (heat-induced leaf death) all overstorey trees without actually consuming the needles. Because the photosynthetically active tissue in tree crowns is lost beyond this level of severity, post-fire spectral data may not indicate such differences, despite the ecologically meaningful role scorched needles play in reducing post-fire erosion (Pannkuk and Robichaud 2003) . Another possible explanation is that 1-year post-fire vegetation response might vary depending on the condition of the vegetation before the fire and subsequent post-fire response. Rapid green-up of understorey vegetation 1-year post-fire in an area that burned 'severely' according to satellite imagery and CBI plot data might contribute to variation in correlations between ground and imagery data. Alternatively, Miller and Thode (2007) suggest that the dNBR may be sensitive to differences in postfire soil characteristics while the CBI reaches a maximum once all aboveground vegetation has been removed, resulting in variable dNBR values at maximum CBI plot values of 3.0. The ASTER sensor showed strong correlations with field data. Whereas each of the six dNBR images correlated relatively well with the CBI data, the ASTER-derived dNBR calculated using the SWIR band 9 performed slightly better (Fig. 5) . Van Wagtendonk et al. (2004) identify AVIRIS channel 210 (2.37 mm) as showing the greatest positive response in areas that burned severely. Although this channel lies just beyond the range of the Landsat TM band 7, it corresponds to the ASTER band 9 (2.36-2.43 mm). The slightly improved correlation of the dNBR using ASTER band 9 with field data and its correspondence with the AVIRIS channel suggests that the ASTER data may indeed improve estimates of severity in some situations.
The MODIS-derived dNDVI did not correlate well with ground data (R 2 ¼ 0.38, Fig. 7 ). This was expected given the relatively poor spatial resolution of this sensor and as NDVI is only capturing change in greenness. Because the Gila Wilderness has remained unlogged and portions of our study area burned several times in the 20th century, much of this fire was likely less severe than other wildfires burning in the US Southwest. In addition, the small size of our study area (2600 ha) may have limited the usefulness of the MODIS data. Although MODIS data are clearly useless in situations where relatively finescale information is needed, they might still be useful for mapping coarse-scale post-fire ecological effects across large fire events.
Measuring fire-induced vegetation change in ponderosa pine forests poses special challenges, particularly where fires burn on the ground without significantly altering the canopy of the largest trees, those that occupy dominant and codominant positions in the forest canopy (Holden et al. 2005) . Fires could theoretically burn slowly below the canopy, altering soil properties and causing severe ecological changes that would go undetected by sensors that integrate vegetation-dominated change into a single signal. Very high-resolution sensors such as Quickbird (and perhaps IKONOS, owing to its similar spectral and spatial characteristics) may be able to differentiate between understorey and overstorey effects. However, our reference data and study design prevented us from evaluating the potential of Quickbird data for quantifying fine-scale post-fire ecological effects. Doing so would have required smaller nested plots within each CBI plot. Additional research is needed to determine whether sensors like Quickbird or IKONOS may be useful for quantifying fine-scale post-fire effects. We also note that despite the potential of the Quickbird and ASTER sensors for remotely inferring post-fire effects, these data are not as widely available as Landsat. ASTER was developed for researchers and is not freely available. Suitable prefire images may not be available for all areas, making the differenced imaging approach used in this study impossible. Furthermore, since original submission of this work, the ASTER SWIR bands failed owing to high detector temperatures, making the application of ASTER data not possible for indices that utilise SWIR bands (i.e. dNBR). Finally, the high cost of Quickbird data may limit its widespread application in post-fire severity analyses. Creative partnerships and cooperative agreements between private and public organisations are necessary to ensure the affordability of these commercial data for future operational use.
The timing of image selection when dealing with issues of vegetation change and recovery is also particularly important for ecosystems in this region of the world. Annual precipitation often displays a bimodal distribution in the south-western US, with snow and rain falling in the winter and summer, and monsoon storms bringing additional rain in the late summer and early fall. The quantity and extent of snow and rainfall are highly variable in both seasons, and likely influence the amount of understorey vegetation growth each year. Therefore, depending on the year, peak vegetation green-up could occur in either the late spring or fall. Because post-fire vegetation recovery is an important factor associated with burn severity, reflecting both damage to vegetation and soils, the timing of image acquisition and field data collection may influence the perceived post-fire vegetation recovery. Owing to this and other factors, the results presented in this case study should be treated as a first step towards understanding the relationship between burn severity and spectral reflectance as measured at a variety of spatial scales in conifer-dominated landscapes.
Conclusions
Relatively new satellite sensors like ASTER, Quickbird and IKONOS clearly have potential for detecting and mapping burn severity using remote sensing. Very high-resolution Quickbird data were well correlated with ground-based estimates of burn severity and may have potential for improving assessments of burn severity, despite the lack of available mid-infrared bands. The non-linear trends in relationships between CBI measures and sensor-derived severity estimates suggest that spatial scaling may be an issue when relating CBI data to remotely sensed data, and warrants further study. In contrast to other indices, the EVI derived from Quickbird imagery showed a linear relationship to ground data. The MODIS sensor poorly predicted burn severity, probably owing to its coarse spatial resolution. These results indicate that several alternative data sources may be useful for inferring burn severity in this era of limited data availability from the Landsat family of sensors.
